ABSTRACT
INTRODUCTION
Deciphering the function of proteins is the main task in molecular biology and biochemistry. The increasing flow of genomic information makes the contribution of bioinformatics very relevant for proposing possible new protein functions based on prior information. Common function prediction methods are based on the assumption of an evolutionary relationship between similar proteins * To whom correspondence should be addressed. (Zuckerkandl and Pauling, 1965) , that will share a common three-dimensional structure (Chothia and Lesk, 1986) , and will preserve a certain functional relationship. In this sense it is important to consider protein sequences in the context of the protein families in which they have evolved.
The relationships between protein sequences and protein families are better described with terminology imported from the fields of paleontology and evolutionary biology. The basic, but difficult, concept of homology (http://www. britannica.com/) can be qualified in terms of orthology and paralogy (Fitch, 1970) . Orthologues are those genes that have evolved in different species from a common ancestral gene. Paralogues are cases in which the similarity is due to a duplication event inside a given genome, with specialization events having broken the direct relationship.
In terms of function, the implication is that orthologous genes tend to conserve the same function, while paralogous genes acquire specialized functions. Therefore, determination of possible orthologous relationships is a fundamental step in the prediction of protein function (see for example Bork and Koonin, 1998) .
Concept of sequence space
Differentiating between paralogous and orthologous genes is not always easy, and different events add additional complications to this situation, e.g. loss of one of the orthologous sequences whose function is replaced by an unrelated sequence (non-orthologous gene displacement; Koonin et al., 1996) .
Orthologous relationships cannot be derived from simple observation of pairwise similarities, since it is always possible that other, closer-related sequences are the true orthologues. Therefore, information from related sequences, including the analysis of complete genomes, is required for a complete assessment of orthologous relationships. In the extreme case, accurate assessment of orthologous relationships requires detailed phylogenetic analysis of the precise relationships between corresponding protein families in the presence of complete genome information.
In practice, phylogenetic analysis of complete families is often replaced by double-checking pairwise similarities. The idea is that if sequence A from one organism is that which is most similar to sequence B from a second organism, and sequence B has A as its closest-related sequence in the first organism, then A and B are probably orthologous. Even if this assertion will be true in most cases if all sequences from both organisms are known, this simple analysis cannot replace a complete phylogenetic analysis of the corresponding protein family.
An intermediate approach consists of automatically classifying sequences into groups of related sequences. This approach is more comprehensive than pairwise comparison but less demanding than detailed phylogenetic analysis of each protein family. The methodology presented here belongs to this intermediate type of approach, of which the two closest-related previous incarnations are ProtoMap and GeneRAGE.
ProtoMap describes the relationships between sequences in terms of graph theory, in which the nodes of the graph are the sequences, the arcs connecting the nodes represent the similarity relations, and the weights associated with each arc correspond to the levels of similarity. ProtoMap implements an accretion algorithm, that works by first dividing the entire graph into small sectors containing only very closely related sequences, and then forms larger clusters by merging neighbouring clusters, by decreasing the similarity cutoff required. The different cutoffs provide alternative views of the sequence space at different granularity levels. The biological interpretation is that the different levels of clustering are related to the structure of protein superfamilies and families.
GeneRAGE (Enright and Ouzounis, 2000) is based on a single linkage clustering algorithm, that is, relationships between sequences are represented by a binary yes/no flag, and do not take into account the strength of the relationships. GeneRAGE incorporates a procedure for solving proteins in domains by clustering proteins in all groups to which their domains belong, avoiding the incorrect inclusion of sequences connected by indirect sharing of domains in the same cluster.
Here we propose an alternative approach for clustering sequence space. In contrast to other approaches, our procedure focuses on the space surrounding a given protein by analyzing only local sequence relationships, instead of clustering the full sequence space in the search for distant relationships and a complete overview of sequence space. Consequently this new approach is less computationally expensive than clustering the full sequence space, and is applicable to individual sequences without requiring complete genomes.
After obtaining clusters of related sequences, the second round of algorithms attempts to merge clusters to obtain a representation of species, that can make them equivalent to groups of orthologous sequences, with an aim similar to the COGs approach (Tatusov et al., 1997) . For this second round of algorithms complete genomes are required.
COGs are based on the concept of double-checking of pairwise similarities (see above). It involves a first step of collapsing obvious paralogues, followed by identification of sets of at least three related sequences amongst the best hits. These groups of three sequences (triangles) are merged if they have two sequences (vertices) in common. The resulting constructions of connected sequences are inspected visually for the detection of problematic multidomain proteins and groups of paralogous sequences. Therefore, while COGs are produced by a combination of automatic and manual procedures, the algorithm proposed here is fully automatic and works locally on the sequence space.
In the following text we first discuss the implementation of our clustering procedure, based on the 'Normalized Cut' algorithm, (Shi and Malik, 1997 ; graph flow theory; Minieka, 1978) , based on the pairwise relations obtained through recursive similarity searches (intermediate sequence searches ; Park et al., 1997; Gerstein, 1998) . As an example we describe the results for the case of the ras family, which are then compared with the groups obtained by the ProtoMap clustering system.
In the second part we discuss the performance of a strategy for optimizing the previously-generated clusters in the search for groups of orthologous sequences in the presence of genomic information. To test the quality of these classifications we generated clusters for a set of 486 Mycoplasma genitalium sequences with information from twenty-one complete genomes as reference sequence space. This scenario is complex enough to be realistic but sufficiently small to be comparable with the COGs classification.
METHODS

Data set
The first part of the analysis was carried out by searching within a database composed of SwissProt sequences (June 2001, version 39.20; Bairoch and Apweiler, 2000 These twenty-one genomes are classified into sixteen phylogenetic lineages, as closely-related pairs are considered as a single lineage: E-H, U-J, MG-MP, I-N, and L-O.
Mapping the sequence space with similarity measurements To obtain a set of similar sequences for each of the analyzed genes we use an intermediate sequence search procedure of concatenated similarity searches (Park et al., 1997; Gerstein, 1998) with BLAST (Altschul et al., 1997) . This procedure is based on the transitivity principle: if protein A is related to B, and B is related to C, then protein A will be related to C. This correspondence is often complicated by the presence of multi-domain proteins and partial alignments that can create artificial links between unrelated proteins through intermediates that contain several domains. For each BLAST round we use only the aligned fragments from previous rounds. This process, when applied carefully, reduces the number of cases in which multi-domain proteins create artifacts.
In detail, we start with a BLAST search, for which all the aligned sub-sequences are extracted (and not the complete protein corresponding to the aligned fragments). In a next round BLAST searches are initiated with those subsequences. In the following rounds the same procedure is followed, and specific care is taken to avoid particular problems. For example, slightly different fragments of the same protein are extracted from searches carried out with different members of the family. In this case there are two possibilities, if the fragments overlap, we select the larger overlapping fragment as representative of all the hits, but if the fragments do not overlap we choose the set of overlapping fragments with a higher score, this score being the sum of BLAST − log 10 (E-value) for each fragment. Additional problems are encountered in some alignments that tend to include unrelated sequences in the extremes of the alignments. To alleviate this problem we prune the alignments until at least the 20% positions are matched by sequences.
The BLAST version we used was 2.1.2 (November, 2000) with default parameters except that we set -v 2000, -b 2000, -F 'S; C' and the E-value cutoff, that varies in the two experiments.
The BLAST scores were used as the basic measurement of pairwise similarity for the clustering procedure (see below). Other methods such as PSI-BLAST (Altschul et al., 1997) could have been used to find more connections in the sequence space, but they were less adequate for the extraction of pairwise similarities. For the example of the ras family, the BLAST searches were initiated with the RASH HUMAN protein (H-ras from Human) using SwissProt as the reference database. Four rounds of searches were carried out with an Evalue cutoff of 1e−07. Sequences were filtered with SEG and COILS filters (Wootton and Federhen, 1993; Lupas et al., 1991) . A minimum of thirty-five amino acids was required in order to accept sequence matches. After the first round of BLAST searches, the new sequences were used to build sub-sequences (the fragments of the sequences aligned during the BLAST searches) with all the different matches.
For the example of the MG sequences, we used the BLAST searches already available at the COG web site (ftp://ncbi.nlm.nih.gov/pub/COG/old99/pa) to facilitate posterior comparison of the results (see below). The strategy for selecting the sequence relations is equivalent to concatenating three rounds of searches with a BLAST E-value cutoff of 1e−05. The process starts by selecting similar sequences for a query protein from the BLAST results. These sequences are used for a second round of BLAST searches, from where additional similar sequences are extracted, sequences that in turn are used in identifying new potential relationships during a third round of inspection of the BLAST runs. The resulting relationships are used as the basis for the clustering procedure, whose results are then compared with the COG groups. It is important to mention that problematic multi-domain proteins are split into their domains by the COG data managers, so it is possible to use the BLAST results directly without selecting sub-sequences from the alignments. To make a fair comparison we only count clusters with more than three lineages, as in the construction of the COG. The general idea of the recursive search process is represented in Figure 1 .
Comparison of the clustering results with the COGs data
Here we present the results of applying this procedure to each one of the M. genitalium sequences, and subsequent comparison of the resulting clusters with the COGs groups that include each of the MG sequences.
For comparison of the composition of the clusters, we establish two definitions: 'coherent clusters' are those cases where a cluster generated by one of the methods is included in (forms a subset of) a cluster generated by another method; and 'identical clusters' are those coherent clusters that contain the same elements (sequences), allowing a variation of plus or minus one sequence. 
Graph based representation of the sequence space
We represent the relationship between sequences as a graph G(V, E), where the nodes (V ) correspond to sequences and the arcs (E) to the similarity relationships between them. Arcs have an associated label or weight (w) that corresponds to the pairwise sequence similarities, expressed as − log 10 (E-value). E-values larger than 1e−05 were disregarded in the case of the MG sequences, and 1e−07 in the case of the ras proteins.
The clustering algorithm implemented here works with undirected graphs, with no directionality in the arcs. To adapt the sequence relationships to this asymmetry, the weights of the arcs are made equal to the mean of the two directed arc weights (A compared to B, and B compared to A). In the cases in which only one of the two relationships exists, this is considered as the weight of the undirected arc.
Ncut clustering strategy
The clustering method uses the normalized cut algorithm, which is derived from the more general minimum cut algorithm. The minimum cut algorithm (Wu and Leahy, 1993 ) is based on the measures of capacity and flow of a graph. A cut (A, B) in a graph G(V, E) is a partition of V into two distinct sets of nodes A and B. The capacity of a cut is the sum of all weights associated with the arcs that cross the cut, that is:
the minimum cut being that with the minimum associated capacity.
This algorithm has a clear preference for cutting small groups of nodes as previously observed by Shi and Malik (1997) , who then propose a version of the algorithm called the normalized cut algorithm (Ncut), where:
where asso(A, V ) is the sum of the weights of the arcs from all nodes in A to all nodes in V (including those in A), thereby weighting the capacity of the cut by the level of disconnection it induces in the graph, so avoiding the preference for small groups. To find the minimum Ncut, the Ncut (A, B) equation is treated in a standard eigenvector system (Press et al., 1992;  and public MESCHACH numerical library, http://www.math.uiowa. edu/∼dstewart/meschach/).
Recursivity and stop conditions
The clustering algorithm works recursively: once the cut is found its convenience is evaluated, and if it is appropriate then a new cut is sought for each of the resulting subgraphs.
The clustering continues until neither of the following two conditions holds:
(1) the arithmetic mean of the capacity of the relationships inside the children clusters exceeds (according to a relative threshold) the value of the same measure between the children clusters. We set the relative threshold to two-fold (×2) and four-fold (×4); (2) the number of relationships existing inside any of the two children clusters divided by the number of possible relationships is higher than the same measure in the parent cluster.
Mean capacity and connectivity
We define two parameters to evaluate the clustering process:
Mean capacity: the arithmetic mean of the similarity relationhips between two clusters. For example, a mean capacity of 10 corresponds to E-values between the sequences in the two clusters of around 1e−10.
Connectivity: the number of connections between the two clusters divided by the number of possible connections that could exist if all nodes were connected. (Note that 'connectivity' is used here in a different sense to its common usage in graph theory.)
Further merges of the sequence clusters
We tested two procedures for merging the clusters generated by the ×2 and ×4 clustering procedures. The purpose of merging the clusters is to find an optimal distribution of sequences that reflects the separation of orthologous sequences.
Under the join6 procedure, the nearest neighbouring cluster will be merged if the mean capacity is larger than 6.
The results are called ×2 join6 and ×4 join6, depending on the origin of the clusters (×2 and ×4 clustering above).
Relative entropy-based reconstruction uses the information available on neighbouring clusters to evaluate the possibility of merging these depending on their potential content in paralogous and orthologous sequences.
The parameter used to avoid inclusion of paralogous sequences is the relative entropy value, defined as:
where P(xi) is derived from the observed frequency of genome i in the set of accepted clusters (see below), and Q(xi) is the frequency in the expected distribution (see below). Srel describes the similarity of the two distributions, in this case the observed distribution and an expected reference distribution. In the present analysis, two types of expected distribution wer e used:
S var expected distribution. Here the number of genes contributed by each genome to the groups is expected to be proportional to the number of genes existing in that genome, so Q(xi) will be ni/nt, where ni is the number of genes in genome i, and nt is the total number of genes in all genomes.
S one expected distribution. This corresponds to groups formed with one gene from each genome. Q(xi) = 1/N , with N being the number of genomes (i.e. 1/21 here).
The merging algorithm
We have used a recursive algorithm for merging clusters progressively, from the closest-related to those that are more distant, with the procedure being as follows:
(0) Initialize the set of accepted clusters to the cluster containing the seed gene.
(1) Calculate the relative entropy of the set of accepted clusters.
(2) Find the cluster that has the highest connectivity with those in the set of accepted clusters. If two clusters have the same connectivity, the one with the higher mean capacity is selected.
(3) Calculate the relative entropy that would be obtained if the two clusters were merged.
(4) If the relative entropy decreases with the addition of the cluster, the clusters are merged and we return to step 1. If the entropy value increases, the process stops.
RESULTS
This results section is divided into two parts.
In the first part we analyze the results of searching with a seed gene in a complete sequence database and then clustering the resulting sequences. These results are compared with the ProtoMap results, which are based on classification of the full sequence space.
In the second part we analyze the clustering of a set of twenty-one genomes around MG sequences. The results of various different procedures are presented: initial clustering using the Ncut procedure with ×2 and ×4 cutoffs, and subsequent merging of these initial clusters using the join6 and relative entropy algorithms. The results are then compared with the corresponding COGs groups of orthologous sequences.
Clustering around RasH in a populated sequence space background After building the local map to find sequences around RASH HUMAN (see Section Methods), Ncut produces clusters corresponding to: ras/ral, ran, gem/rad, rab, rab7, rac/rho, ran, arf, sar and G-alpha sequences (Figure 2) . The relationship of the Ras subfamily with the rab, rab7, and ran groups is strong, while the relationship with rho is more distant. The groups and the relationships correspond well with what is known about the family (Valencia et al., 1991; Garcia-Ranea and Valencia, 1998) , and with the two main ProtoMap groups at a cutoff level of 1e−00, one with Ras and the other with arf, sar and G-alpha sequences.
Some of the differences are interesting, for example the rab7 group, which is clearly different from the other rabs, forms a different cluster but does not form a different ProtoMap group.
It is also interesting to note that in this case the groups obtained by Ncut clustering give an adequate view not only of the superfamily but also of the relationships between the different families.
Distribution of cluster sizes in the twenty-one genome set
The distribution of the cluster sizes obtained via independent searches using each one of the MG sequences provides a useful first overview of the efficiency of the method. In the space formed by the sequences of the twenty-one genomes, the best-represented families are expected to correspond more or less to one sequence from each one of the genomes (families of orthologues). Therefore, the presence of clusters with twenty-one sequences probably indicates the presence of complete families, while smaller clusters correspond to families that are not represented in all the genomes analyzed (e.g. bacteria-only sequences), or incorrect identifications of relationships between groups of sequences that are distant members of the same family. Larger groups correspond to families in which the separation of orthologous and paralogous sequences was not achieved. Cluster size distribution obtained with the Ncut procedure (×2 and ×4 thresholds) The Ncut algorithm (Figure 3 , panels a and b) produces small clusters with no clear representation of the optimal 21-sequence class. Clusters with 2-3 sequences, often composed of similar sequences from the closely-related MG and MP genomes, are relatively abundant. Even if their proximal clusters contain related sequences, the Ncut algorithm fails to classify them together. For example, cluster MG092 contains two ribosomal S18 proteins from MG and MP, and of two neighbouring clusters, one contains the orthologous gene from R. prowazekii, and the other the thirteen remaining bacterial orthologues and an additional duplicated sequence of M. tuberculosis. The less similar S. cerevisiae orthologous gene does not appear in the initial sequence searches (E-value of 0.0004, i.e. above our cutoff). In this case the Ncut clustering result reflects the bias in sequence space created by the presence of similar sequences in this sparse representation of genomes.
Cluster MG241 represents the opposite case, where the clustering procedure correctly identifies the uniqueness of two Mycoplasma sequences, that together with two other paralogues in a neighbouring cluster seem to be a Mycoplasma-specific family. Most of the other clusters with less than 21 sequences correspond to groups of closely-related sequences, such as the clusters with 16 bacteria-specific genes. For example, cluster MG073 obtained with the Ncut ×4 procedure contains 18 'excinuclease ABC subunit B' genes that do not have orthologues in archea or yeast, with the exception of a M. thermoautotrophicum sequence that may have been acquired by horizontal gene transfer, and a duplicated gene fragment of T. maritima.
The Ncut ×2 procedure generates 40 clusters that contain 16-17 sequences, and of these 29 (72.5%) of them include no duplicated genes, while 37 (92.5%) of them contain less than four. Similarly, out of the 56 clusters of this size produced with the Ncut ×4 procedure, 44 of them (78.6%) have no duplication and as many as 51 (91.07%) have three or less. This indicates that they correspond to clusters composed basically of a single sequence from each one of the bacterial genomes. The Ncut clustering produces a small number of clusters with more than 21 sequences. Most of these correspond to erroneous mixtures of genes, for example cluster MG345 contains 43 sequences of Isoleucyl and Valyl tRNA synthetases. It is difficult to separate these sequences by direct sequence analysis methods based on pairwise comparisons. There are also 11 large clusters containing 458 ABC transporters, and these protein families constitute a difficult problem that will be discussed in detail later.
Merging clusters
We have used various different algorithms to improve the composition of the clusters in terms of species representation. By merging neighbouring clusters it has been possible to obtain clusters with a composition closer to the ideal composition of orthologous families.
In Figure 3 (panels c and d), the result of merging neighbouring clusters using the join6 algorithm is shown. It can be appreciated that, together with the expected increase in cluster size, there is also a significant change in the quality of the clusters. In the case of MG431 (triosephosphate isomerase), the join6 procedure produces a cluster of size 20 by combining a cluster of size 16 that is made up of 15 bacteria genes and their yeast orthologue, with a small cluster that contains the four corresponding archea sequences. The mean capacity between the two original clusters is 6.3, which is above the minimum cutoff of 6. The reconstruction of clusters is not effective in identifying families in all cases, e.g. the MG429 cluster contains 11 phosphoenolpyruvate kinases, and is merged with a neighbouring cluster that contains 13 phosphoenolpyruvate synthases. Even if these two clusters are closely related (mean capacity of 23.2), it would have been better to keep them separate. These two cases illustrate the fact that a fixed cutoff (represented by the mean capacity) cannot determine the correct orthology relationships in all cases.
Merging of clusters with a relative entropy measurement
The S var relative entropy procedure implies an incremental aggregation of neighbouring clusters that fulfil the conditions described in the Section Methods. Following the example of MG283 in detail can clarify the process (Figure 4) . Initially MG283 forms a cluster with the other Mycoplasma Prolyl-tRNA synthetase, and then this cluster is merged with a cluster containing orthologues from the four archea, yeast and B. burgdorferi. The final construction of the family consists of a merge with the 14 remaining bacterial orthologues. It is also interesting to see how a merge with the cluster of 19 threonyl-tRNA synthetases sequences is correctly rejected by the procedure, as the genome distribution does not correspond with the expected model.
A second interesting example is the reconstruction around ribosomal protein S2 (MG070). This sequence is initially associated with its counterpart in M. pneumoniae (×2 procedure). The first cluster that is merged contains the 14 remaining bacterial sequences, and this then 2 ( 14 ( ( 20 (11) 4 (7) 1 ( ( (9) is followed by a cluster with the corresponding yeast sequence. A cluster containing the four corresponding archea sequences is then joined to these, so completing the set of 21 orthologues. The procedure then goes on to merge a cluster that contains two additional yeast sequences (paralogues of the first yeast gene). Interestingly, the corresponding COG contains the same 23 sequences. The distribution of cluster sizes clearly improves after applying the merging procedure (Figure 3 , panels (e) and (f)), with an obvious enhancement in the number of clusters of size 16-17 and size 20-21, which are composed mainly of sequences from bacteria-only or all species genomes respectively. For example, of the two cases discussed above for the join6 procedure, cluster MG431 is completed with the full set of orthologues, and cluster MG429 is built correctly, avoiding erroneous inclusion of paralogous sequences.
For the 53 clusters with 16 or 17 sequences obtained by the ×2 S var procedure, 33 cases (62.3%) contained no duplicated genes, and 49 (92.5%) contained three or fewer duplications. Similarly, for sizes 20 to 23, there are 72 occurrences, with 57 of them (79.2%) containing four or fewer duplications. Consequently the clusters are now formed mainly by one sequence from each genome and include very few duplicated genes.
We observed that sizes 22-23 are more frequent than sizes 20-21. For the 42 clusters of size 22 or 23 that contained few duplications (out of 53 clusters with this size), most of these contained yeast duplications (36 out of 42; 86%), and to a lesser extent (19%) B. subtilis duplications. It is interesting to note that the presence of duplicated genes does not seem to be solely related to the size of the genome, since here the two genomes are not very different in size (in our collection there are 4122 bacillus genes and 5932 yeast genes), and instead it seems to be more related to the history of the duplications. This degree of internal redundancy (Wolfe and Shields, 1997) is captured better in the S one model than in the S var model ( Figure 5) . The S one model assumes the same number of genes per genome in each cluster, while the S var model expects the number of genes per genome in clusters to be proportional to the total number of genes per genome. Although the S one model is more realistic than the S var model, it incorporates duplicated genes less efficiently, which is reflected in a larger number of clusters in the 16-17 range and fewer in the 20-23 range.
Comparison with COGs
In this section we compare our results with the wellestablished COGs classification. It is important to keep in mind that our approach is essentially different from that of COGs. COGs represent a global view of the genome relationships, and require analysis of full genomes, whilst our clustering approach addresses the local classification of neighbouring sequences, without requiring complete genomes. To make the two classifications comparable we have analyzed the same 21 genomes that are included in COGs.
Distribution of COGs sizes
COGs present two well-defined populations of cluster sizes (Figure 3, panel g ), corresponding to groups with 16-17 and 22-23 genes. In the 16-17 range there are 62 clusters that contain an MG gene, 40 (65%) that contain no duplicated genes from the same genome, with most of them (50 clusters, 81% of the total) containing three or less duplications. In the 20-23 sequences range there are 87 COGs, with 10 of them (11%) having no duplicated sequences, and 67 (77%) having less than four duplications. Both the distribution and the overall number of duplications are very similar to those obtained with the S var procedure (see Figure 6 ).
Direct comparison of the clusters with the COG groups
We first check the degree of similarity in the composition of Ncut clusters, S var merged clusters and COG groups, using our definitions of 'coherent' and 'identical' clusters (see Section Methods). The Ncut clusters are similar or smaller than the corresponding COGs (accumulation of points on or below the diagonal in Figure 7 ). The behaviour of Ncut clusters of sizes of around 17 is interesting. These clusters correspond in many cases to COG groups with representation from all the genomes, indicative of the tendency of the Ncut procedure to produce small clusters with closely-related sequences, in this case bacterial sequences. The S var clusters are very similar to the COGs groups (diagonals in Figure 7) ; for example there are many clusters and COGs groups composed of 16-17 and 20-23 sequences. This is particularly clear for the ×4 S var clusters, where from the 350 comparable clusters (those that contain three or more lineages), 298 of them (85%) have coherent distributions, and 159 (53%) identical ones (see Section Methods for definitions). In a number of cases, COGs contain more sequences than the Ncut and S var clusters. For the ×4 NCut clustering it is obvious that our implementation of the Ncut algorithm breaks up the sequence space at a fine grain level. In the case of S var, the reconstruction process is sometimes caught in a relative entropy local minimum and in others the expected distribution does not adequately represent the real species distribution.
In some cases our clusters are bigger than the COG groups (8 cases for ×4 Ncut and 48 for ×4 S var), with a considerable difference of more than 15 additional genes. These cases tend to be related to super-families such as ABC transporters, for which the difficulty has already been mentioned, and with the merging of two groups of orthologous sequences (especially in the case of S var).
There are 11 cases out of the 150 comparable clusters (7.3%), in which COGs and Ncut clusters (×2 procedure) have different compositions (not coherent clusters as defined in Section Methods). This increases to 7.5% for the ×2 join6 procedure (25 out of 332 cases), and to 12.5% (43 out of 344) of the ×2 S var cases. One example might be the M. genitalium 'chain release factor A' sequence that is the origin of the MG258 cluster. This cluster contains 32 genes (Ncut procedure), including a mixture of protein release chain factor-A and factor-B sequences. The corresponding COGs groups are COG0216 with 20 sequences of 'chain release factor A' (18 of them included in the Ncut cluster), and COG1186 which contains 14 sequences of release factor B. It is interesting to note that the two extra sequences incorporated in COG0216 correspond to second copies of the yeast and E. coli genes (genes YLR281c and yaeJ). These sequences are not incorporated within our clusters since they are very distantly related to the rest of the group. Therefore, even if the Ncut procedure does not separate these two groups of release factors when it should, it does correctly identify the two extra sequences as external to the cluster (see phylogenetic tree at http://www.pdg.cnb. uam.es/GenoClustering.html).
A second incoherency between the ×2 Ncut procedure and COGs illustrates how the manual work carried out during construction of the COGs attenuates some of the problems of the automatic procedures. The cluster around the MG457 gene (annotated as cell division protein ftsH), corresponds to COG0465, which contains 27 sequences and is labeled as ATP-dependent Zn proteases. The Ncut cluster contains 61 genes, with 26 of them corresponding to the COG0465 group and the rest to other COGs (COG0464, COG1222 and COG1223). Apart from the error implied in the creation of the Ncut cluster by the addition of extra sequences, it is interesting to see how gene HI1465 from Haemophilus influenza, the one missing from COG0465, is not included in the cluster because the absence of a long N-terminal fragment decreases the pairwise similarity. The other nine discrepancies between Ncut and COGs correspond to different ABC transporters. The MG120 cluster serves as an example of an imperfect match with COGs when the S var procedure is applied (Figure 8 ). MG120 and MG121 are annotated as 'uncharacterized ABC transporters components of the permease complex,' and belong to a COG group with 21 genes (COG1079). In Ncut clustering the MG120 gene and the MP relative form a separate cluster since the relative distance with the corresponding sequences in other species is very large. In the S var procedure this cluster is merged with a cluster of six sequences that contains the orthologues from K, V, B, O, L and A (see Section Methods for abbreviations). The next candidate cluster is a single sequence cluster that is not merged because it increases the relative entropy. The corresponding COG is larger, and includes an orthologous group of paralogues. In the corresponding COG there are also genes that we did not identify in the recursive sequence searches.
DISCUSSION
We propose an algorithm for detecting protein families based on analysis of the relationships in a restricted region of sequence space. This approach is different from other strategies that consider relationships in the full sequence space, such as ProtoMap and GeneRAGE, which are based on the detection of characteristics of the different protein families (methods based on sequence profiles such as PFAM- Bateman et al., 2000) , or on phylogenetic analysis of sequences from complete genomes (COGs). The detection of protein families can be carried out with or without complete genomes. In the first case, a populated representation of sequences in the sequence space is enough for detecting groups that correspond to protein families and subfamilies. For the latter case, the application to sets of small genomes necessitates the use of additional information related to the expected representation of the genomes in the corresponding families.
The method proposed here addresses these two problems: the first by clustering sequences around a given query protein based on information on the pairwise similarities, and the second by merging neighbouring clusters to create families of potential orthologues.
The first step (clustering) produces groups of clearlyrelated sequences with the corresponding connections be- tween groups. The second process (merging of clusters) is designed to produce groups of equilibrated genome composition that may capture the classification of orthologous sequences when genomic sequences are analyzed. The detection of orthologous sequences is a key problem in comparative genomics. We have applied the clustering process to different proteins, generating their corresponding families. For the example of the ras protein family, presented here, it is possible to see how the Ncut algorithm generates connected clusters of sequences that compare favourably with those produced by other methods, such as ProtoMap.
The merge procedure has been applied to the clusters generated with sequences from 21 complete genomes around each one of the M. genitalium proteins. This scenario was selected so as to be able to compare the results with the COGs standard classification, since COGs has been obtained under expert supervision.
It is interesting to note that the initial clustering process has difficulties with the definition of tight evolutionary relationships in small data sets such as the one considered here, and the clusters generated tend to be smaller than the corresponding COG groups.
Merging the initial clusters produced groups of very similar size and composition to those reported in COGs. This demonstrates that the information contained in the pairwise similarities, the clustering process and the algorithm for aggregation into larger groups, are all appropriate for the reproduction of groups of closely-related sequences with an equilibrated phylogenetic composition. The main difficulty was encountered with very large families, such as the ABC transporter superfamily. These transporters contain two domains, an ATP cassette subunit and a trasmembrane subunit, that can be coded in the same or different genes (Dean and Allikmets, 1995) , making the relationships between domains very difficult to analyze in evolutionary terms. In a few cases our clustering procedure creates groups of paralogues (orthologous groups of paralogues) when the species representation does not fit well with the expected distribution.
Application to the selection of targets in structural proteomics
In the context of structural proteomics projects, the present algorithms can first be used to produce clusters of closely-related sequences around any potential target. These clusters correspond in most cases to wellestablished protein families with a good separation of their subfamilies. In this sense, our approach is similar to other proposals for the selection of protein targets for structural analysis based on the classification of protein families (Elofsson and Sonnhammer, 1999; Linial and Yona, 2000; Brenner, 2000; Vitkup et al., 2001; May, 2001; Heger and Holm, 2000) . The clustering process can generate these families automatically by inspecting closely-related sequences around potential targets, without the need for maintaining a full classification of the sequence space.
The second set of methods dedicated to the aggregation of potentially orthologous sequences can be useful in deciphering the functional correspondence between related sequences. It has been repeatedly stated that detecting orthologous sequences is necessary for the prediction of function, but there is also the potential danger of assigning identical functions to paralogous sequences (Bork and Koonin, 1998; Smith and Zhang, 1997; Doerks et al., 1998; Henikoff et al., 1997; Devos and Valencia, 2000) . Indeed, the selection of orthologous sequences is the goal of databases such as COGs. In the context of the selection of targets for structural proteomics, the detection of possibly orthologous sequences can be important in at least two scenarios. In the first, it is conceivable that structural groups may be interested in investigating proteins with the same function in different organisms for properties such as thermal stability, or to address practical questions such as the selection of sequences from organisms with particularly favourable growth conditions. The second application for which this method can be useful is for the selection of proteins with similar structure but probably differing functions, i.e. paralogues in the same or different organisms. The algorithms proposed here, which are capable of automatically reproducing classifications which are similar to those of COGs, can be used as a first step in these directions, with the advantages of being completely automatic and applicable to any collection of sequences.
